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Abstract

Document image matching is the key technique for document image registration and retrieval. In this paper, a new
matching method based on document component block list (CBL) is proposed. A document image is firstly parsed into
a number of component blocks that are defined as non-adherent rectangular areas of substantial document contents.
Then these blocks are organized as a list, on which several matching operations are defined. The template image that is
most similar to the querying document image is selected as the matching result. Our method can effectively make use of
the local information of each page component block and the global information of document page layout. We in-
vestigate the method with large-scale document template image database. Our method manifests good matching ac-
curacy and good robustness to image distortion, filled-in text, and noises. © 2001 Published by Elsevier Science B.V.
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1. Introduction

Document image registration and retrieval are
two important tasks for high quality document
image processing systems, which are greatly re-
quired in office automation, digital libraries, doc-
ument databases, etc. The key technique in
document image registration and retrieval is doc-
ument image matching, whose goal is to find out
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the most similar document image in a registered
database for any input document page image. In
recent years, many image matching methods have
been proposed for specific types of documents. For
example, Cesarini et al. (1998) proposed a form-
reader system, INFORMys, which used attributed
relational graphs to automatically register data
forms. Shimotsuji and Asano (1996) presented a
cell structure-based two-dimensional hash table to
identify different forms. Watanabe et al. (1995)
proposed the description of blank form structure
that includes the repetitions and positions of cells.
Tseng and Chen (1997) presented a form regis-
tration method based on three types of line
segments. Fan and Chang (1998) calculated the
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line crossing relationship matrix to perform form
registration. Luo et al. (1996) proposed an exper-
imental method for identifying content page of
documents. Watanabe and Huang (1997) utilized a
predefined logical structure to acquire the layout
knowledge of business cards. Safari et al. (1997)
proposed a projective geometry method to map an
input document to the template document.

It is notable that most of the above methods are
based on line segments or other local features in
the image. Due to the distortion, noises, and the
irregular filled-in information on document page
images, it is often difficult to find out these local
features accurately. Obviously, successful docu-
ment image matching should combine both global
page layout information and local features to
produce a reasonable ‘representation’ of the doc-
ument image. Such an algorithm should also be
robust to image distortion, filled-in text, and
noises. For these purposes, here we propose a new
document image template matching method based
on component block list (CBL) of document im-
age.

This paper is organized as follows. Section 2
briefly explains the data structure in organizing
blocks. Section 3 proposes the document image
template matching method for general page lay-
out. Section 4 gives a detailed experimental anal-
ysis of the proposed algorithm. Discussions and
conclusion are presented in Sections 5 and 6, re-
spectively.

2. Component block list

The first step for document image template
matching is the extraction of document features, in
terms of which the matched template image should
be most similar to the input document image.
There exist a lot of methods to define and extract
document features. Some commonly used features
include the line segments, text blocks, labels, etc.
Some more abstract features can be attributed
relationship graphs, hash tables, projection
graphs, etc.

We choose ‘component block’ as the feature to
describe a document page image. In a document
image, a component block is defined as an iso-

lated (non-adherent) rectangular area of sub-

stantial document contents (texts or graphics).

The following two steps are employed to produce

component blocks automatically (Peng et al.,

2000a):

1. Preprocessing: A raw document image, which
may contain unknown skewness and noises, is
firstly deskewed and then preprocessed to re-
move unknown distortions and noises. The ma-
jor foreground of the resulted image is
extracted with region-based binarization. Then
all long straight lines in the foreground are
marked and erased.

2. Page blocking: A simple region-growing algo-
rithm is employed to extract all rectangular
component blocks. The document image is
scanned from bottom to top and from left to
right. Each encountered foreground pixel is
used as a seed to grow a rectangular component
block, which does not contain any more fore-
ground pixel on the outer boundaries. If there
is at least one foreground pixel at each of the
four boundaries, the block will grow outward
one pixel in the direction of that boundary.
(A foreground pixel marking procedure is used
to prevent duplicated scanning of the fore-
ground pixels, which have already been con-
tained by other component blocks.) This
simple algorithm is chosen due to its fast speed
because it does not require all pixels in a block
are connected with each other.

In our algorithm the component blocks are re-
quired to have a minimum size, i.e., too small
blocks are taken as noises. An example of the
blocked image is shown in Fig. 1(b), which is the
result of a grayscale image with large skewness in
Fig. 1(a).

The blocked document image is represented by
the CBL, which is a one-dimensional data struc-
ture of image blocks and is sorted by page block-
ing order. For example, the CBL of Fig. 1(b) is
given in Fig. 1(c), where partial attributes of the
first component block are shown. These attributes
include blocking order (depending on the position
of left-bottom block corner), block boundary (lo-
cation and size), etc. Documents of different lay-
outs and contents will generally have different
CBLs. In this paper, we consider the problem of
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Fig. 1. Partial results in document image blocking and data
organizing: (a) the input grayscale image with unknown skew-
ness; (b) results after image binarization, skew correction, and
blocking; (c) CBL of the decomposed image and partial attri-
butes of the first block.

image matching for general page layout and only
make use of the block location (position of block
center) and size attributes.

3. Document image matching algorithm

The CBL of a template page image is named as
template block list (TBL). Given a template image
database, the problem of document page image
matching turns to be finding out the most similar
TBL in the database to the CBL of an input page
image, whose blocks contain various deformations.
For document image of general page layout, we
propose a new method referred to here as CBL-
based matching algorithm (CBL-MA). The method
can be described with the following pseudocode:

Procedure CBL-MA;
{Input: a CBL for the input document image, a
handle to a template image database of K
TBLs}
{Output: the TBL with the minimum distance D
to CBL}
{Preprocessing: for £ =1,...,K, do begin sort
the kth TBL by block size (from small to large);
end.}
{Note: the preprocessing is not a part of this
CBL-MA and needs to be done only once be-
forehand}
begin

sort the CBL by block size (from small to

large);

for k=1,... K, do begin

compute Dy, which is the distance between
CBL and the kth TBL;

end;

select the TBL with the minimum D, as out-

put;
end.

Denote the ranges of CBL and TBL block in-
dexes as REPL — [/SBL /CBL] and RTBL — [/TBL /TBL],
respectively. The distance D between CBL and
TBL is computed as follows:

1. Size matching: For each block in TBL, find the
most similar block in CBL according to size.
Denote the size of the ith block in TBL as
STBL and the size of jth block in the CBL as
S¢BL. This step is to find the CBL block with
the following index I:

Is = arg min{dg (SfBL,SiTBL) }, (1)

fERCBL
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where the matching degree of block sizes, ds, is
defined as the absolute value of block area
difference

ds (SJCBL7 S;FBL) = ds (AJACBL,A;FBL>
: (2)

where 4P and AF®" are areas of the ith TBL
block and the jth CBL block, respectively.

2. Location matching: In CBL, search the neigh-
bors (within a given neighborhood) of the
found CBL blocks for the most similar page
blocks in location. Denote the center of the
ith block in TBL as C'®-, and the center of
the jth block in the CBL as C7®", this step is
to find the CBL block with the following index
[C:

— CBL TBL
= |4 — 4]

Ic=  arg min {dc (CJ.CBL, CiTBL> }, (3)
JEUs—Tc Is+Tc])NREBL
where T¢ is a predefined neighborhood thresh-
old, and the matching degree of block centers,
dc, 1s defined as the displacement of block
centers (in norm-2)

de (CJCBL7C;FBL) _ ’

LELY

3. Distance calculation: The ‘distance’ between an
input document image and a template image
is defined as the sum of dc over RTBL;

D= de(cg™ ). (5)

iecRTBL

CBL-MA calculates distances between the input
document image and all templates in the database
and selects the template with the minimum dis-
tance (maximum similarity) as the matching result.
The mechanism of the above algorithm can be il-
lustrated in Fig. 2: the block template BT first best
matches block A (size matching) and then is ad-
justed to best match block B (location matching),
though B is severely deformed from B'.

From a viewpoint of data retrieval, the general
page layout matching is very difficult because it
turns to be a high-dimensional indexing problem,
where efficient methods for both high-dimension
reduction and multi-dimensional indexing are

Component block list

¢ Sequencing with size

Sequenced block list

------ =
Y. 4
Matching with location™., i Matching with size
", '
Template block list "

=

Fig. 2. Mechanism of CBL-MA.

needed (if we take each block in TBL/CBL as a
one-dimensional feature). CBL-MA gives a dif-
ferent, and simpler, solution by sequentially per-
forming one-dimensional sorting/matching/
searching for block features and TBL/CBL dis-
tances. These operations can be implemented with
high efficiency. For instance, we can use B-tree to
organize CBL and use binary search to find out the
I for each TBL block. One outstanding advantage
is that both the local information of blocks and the
global information of document layout can be
integrated.

4. Experimental results
4.1. Experimental database

We use a large-scale document image database
of 1350 document templates. All template images
are firstly normalized to 1024 x 768 in size and
then blocked and stored in the database as TBL.
Each TBL contains about 50 component blocks.
The minimum size of a template component block
is 8 pixels in height and 16 pixels in width. The
minimum space between template component
blocks is 8 pixels. For the sake of experimental
investigation, we define (without a priori knowl-
edge) four independent (non-overlapping) subsets
of the database, which contain 50, 100, 200, and
500 templates, respectively. Denote these four
subsets as Set-A, Set-B, Set-C, and Set-D, se-
quentially. Denote the whole database with all
1350 templates as Sez-E.
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We design experiments to examine the perfor-
mance of CBL-MA for different degrees of docu-
ment image deformations and different template
set size. Note that in many office automation ap-
plications (e.g., document image registration),
generally a document template set contains less
than 100 document templates (however for digital
library applications, e.g., image retrieval, where
the template set size can be huge, see the discussion
in Section 5). Hence, for image deformation, in-
cluding global deformation (i.e., block detection
errors, including block misdetection and misaddi-
tion) and local deformation (i.e., block disfigura-
tion, including block location variation, block size
variation, block rotation, etc.), we employ Sez-B to
examine the performance of CBL-MA. For the
influence of the template set size on the matching
accuracy, we use all the five template sets.

We use computer to automatically generate
random test images and model the various image
deformations and image blocking errors. The
procedure consists of five independent steps (for
five different cases), which are block misdetection
(the block does not appear in the CBL), block
misaddition (additional blocks are detected due
to noises, large text spaces, line drop of graphics,
etc.), block size variation (for both block width
and height, due to the document irregular texts
and noises), block location variation (due to the
irregular block information), and block rotation
(note that block rotation also result in block size
variation, however the block width and height
vary in different degrees). The corresponding
parameters are: the block misdetection rate P,
block misaddition rate P,, block size deformation
rate P, and size deformation scale factor S,
block location displacement rate P; and dis-
placement scale factor Sy, rotation probability P,
and rotation angle D..

Fig. 3(b) is a generated image from the tem-
plate shown in Fig. 3(a). The parameters are
{Pn=02,P, =02, P,=0.2,5=02 P;=0.5,
Se=0.5, P =0.5 D, =15°}. Obviously, these
two images are significantly different. Actually
many computer-generated images in our experi-
ments have larger variation to the original tem-
plate images than samples scanned from physical
document pages.

For the following reported experimental results,
the neighborhood threshold in location matching,
Tc, is 3.

4.2. Performance for global deformation (block
detection errors)

Set-B is used for investigation. For each kind of
parameters settings, 400 test images (4 deformed
images are generated for one template) are gener-
ated to examine the influence of P, and P, on the
matching accuracy (correct classification rate) . of
CBL-MA. From the results listed in Table 1, we
find:

1. CBL-MA can perform well (r, > 85%) even
when 50% blocks in the block list are lost or
wrongly added (see the column of P, =0.5
and P, = 0.5). Even when 80% blocks are lost
or added, this algorithm can still produce
matching accuracy nearly 60% (see the column
of P, = 0.8 and P, = 0.8).

2. CBL-MA is more insensitive to block misaddi-
tion than to block misdetection. This is reason-
able because when additional blocks are
wrongly put into CBL, the original blocks still
play, though weaker, roles. On the contrary,
the lost information due to block misdetection
is non-recoverable.

Notice that block misdetection/misaddition is a
kind of global deformation because the whole
CBL is changed. From this experiment we see
CBL-MA is robust to block detection errors.

4.3. Performance for local deformation (block
disfiguration)

Set-B is used for investigation. For each kind of
parameters settings, 400 test images are generated to
examine the influence of three types of block dis-
figuration (size variation, location variation, and
rotation) on the matching accuracy r. of CBL-MA.

For block size variation, the influence of pa-
rameters P, and S; (here we set the same scale
factor for both block width and height) on 7, is
given in Table 2. When blocks expand or shrink
greatly, CBL-MA can keep r. above 90% (the
fourth row of Table 2). At the same time, even
when all blocks have size variations (P, = 1.0), our
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Fig. 3. (a) A template image example; (b) one deformation image of (a).

Table 1

Matching accuracy for block misdetection and misaddition (P, = 0.2, S, = 0.2, Py = 0.5, S4 = 0.5, P, = 0.5, D, = 15°)
Pn (P, =0.1) 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
7. (%) 97.5 94.75 93.5 90.0 87.0 82.5 68.25 58.75 46.75
P, (Pn=0.1) 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

re (%) 97.5 94.75 93.0 85.25 85.25 79.25 75.5 71.25 70.0
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Table 2
Matching accuracy for block size variation (P, = 0.1, P, = 0.1, Py = 0.5, S4 = 0.5, b, = 0.5, D, = 15°)
P, (8, =0.2) 0.2 0.3 0.4 0.5
re (%) 97.5 95.75 96.25 95.5
S, (P, =0.2) 0.2 0.3 0.4 0.5
e (%) 97.5 97.25 96.5 96.5

0.6 0.7 0.8 0.9 1.0
95.25 95.25 95.25 95.0 95.0

0.6 0.7 0.8 0.9 1.0
96.0 94.0 93.5 92.75 92.25

algorithm can produce a very high matching ac-
curacy of 95%. Note that the latter corresponds to
many office automation applications, where S; is
not very large, however, most blocks are subject to
some degree of size variation, i.e., P, is close to 1.

For block location displacement, the influence
of parameters Py and Sy on 7, is given in Table 3.
Evidently CBL-MA is robust to block location
variation (r. always larger than 95%). (In Tables 2
and 3, the little fluctuation of some data, which
should monotonously decrease, is due to the oc-
casional instability of computer-generated test
images.)

For block rotation, the influence of parameters
P, and D, on r, is given in Table 4. For both cases
{D, = 15°, P, varies from 0.2 to 1.0} and {P, = 0.5,
D, varies from 5° to 45°}, CBL-MA produces
satisfying classification, even when the test images
contain strong deformation, e.g., 50% component
blocks have at most 45° rotation, or all component

blocks have at most 15° rotation. Notice that
block rotation will directly lead to the significant
change of block sizes.

The above three experiments show that CBL-
MA is robust to local deformation of document
image.

4.4. Performance for different template set size

Here under a general setting of parameters
{P,=02, P,=02, ,=02, §=0.2, P, =0.5,
Se=0.5 P =0.5, D,=15°}, we examine the
influence of the template image set size on the
matching accuracy. All the five template sets are
used. For each template set, we independently
generate at least 2000 images for testing. The re-
sults are listed in Table 5. It is clear that even when
the template set size grows to 500, the matching
accuracy is satisfying (>80%). For the 1350-tem-
plate set (Set-E), r. is still around 70%.

Table 3
Matching accuracy for block location variation (P, = 0.1, P, = 0.1, A, =0.2, S, = 0.2, P, = 0.5, D, = 15°)
Py (84 =0.5) 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
7. (%) 99.5 99.25 99.0 98.25 98.0 97.5 97.5 97.25 97.0
Sq (P4 =0.5) 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
re (%) 98.5 98.25 98.0 97.5 98.0 97.5 96.75 96.5 96.75
Table 4
Matching accuracy for block rotation (P, = 0.1, P, = 0.1, B, =0.2, S, =0.2, P; = 0.5, S4 = 0.5)
P, (D, =15°) 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
re (%) 100.0 100.0 99.5 97.5 95.25 87.25 79.75 63.5 57.0
D, (P, =0.5) 50 10° 15° 20° 25° 30° 35° 40° 45°
re (%) 100.0 99.5 97.5 95.25 93.0 92.25 87.5 87.0 82.25
Table 5
Matching accuracy for different template set size (P, =0.2, P, =02, ,=0.2, 5, =0.2, P4 =0.5,S4 =0.5, ., =0.5, D, = 15°)
Template set size 50 100 200 500 1350
Test image numbers 2000 2000 2000 2000 2700
r. (%) 92.30 91.45 87.40 83.60 70.00
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5. Discussion
5.1. Comparison to other algorithms

Different from those local features-based doc-
ument image matching algorithms, CBL-MA
successfully integrates the local and global infor-
mation of document image. It is noticed that the
failure in detecting local features (e.g., line-seg-
ments) usually immediately results in bad perfor-
mance of several other algorithms. In contrast,
our method is robust to filled-in contents, image
distortion, and noises. For example, Fan and
Chang (1998) used the line-based features to de-
scribe a form, where the broken lines or the text-
line-adherence will lead to inaccurate line crossing
matrix and poor performance of the whole algo-
rithm. Unfortunately, in real environments, these
two bad cases are often aroused by improper
document imaging resolution or conditions (e.g.,
too low or too high resolution, distortion of the
documents, etc.). These cases will also do harm to
the Tseng and Chen (1997) line-segment-based
form registration method. In the Safari et al.
(1997) approach, it was claimed that key points
selection is critical and a certain number (e.g., 5)
of the key points are necessary to guarantee the
performance of the algorithm. However, our
method presents robustness to local feature de-
tection by making use of a good data structure to
organize component block location and size at-
tributes and the global page layout. Our experi-
ments demonstrate that even when the block
information is partially lost or inaccurate (espe-
cially when the page blocking algorithm is very
coarse), there is no significant performance re-
duction of CBL-MA.

5.2. Further analysis of our method

The computational complexity of our method is
analyzed as follows. Denote n as the number of
blocks in a CBL, m as the number of blocks in a
TBL, K as the number of template images in a
document image database. When we use quicksort
and binary search algorithms, the typical compu-
tational complexity is O(n log n) for CBL sorting,
O(Km log n) for CBL/TBL size matching, O(Km

(2T¢c + 1)) for CBL/TBL location matching, O(K)
for CBL/TBL distance calculation, and O(log K)
for finding the minimum distance. The total com-
putational complexity of CBL-MA is O(nlogn)+
O(Kmlogn) +O(Km(2T-+1))+O(K)+O(logK) =
O((Km—+n)logn). We see that the algorithm has
the linear time complexity with the template set
size and TBL block number (note that all TBLs
will be sorted in preprocessing), respectively.
Clearly, for a middle-sized template document set,
the computational burden is not heavy.

The component block-based document image
matching is closely related to high-dimensional
data organization and retrieval. A detailed dis-
cussion from viewpoint of database is beyond this
paper. However, with CBL-MA we can simplify
this problem to sorting/searching one-dimensional
data. For a very large template image set or TBL
with a large number of blocks, because the high-
dimensional indexing-based approach is difficult,
we consider the following simpler solution of ‘hi-
erarchical’ CBL-MA:

1. When the template set size is very large, we
can pre-cluster template images into a certain
number of template sets with much smaller
sizes. Each small template set is represented
by its cluster center. For any querying docu-
ment image, we first match it to these cluster-
ing centers and decide which small template
set it belongs to. Then find the best matching
template of the input document image in the
found small set. This method can reduce a
large amount of computation (depending on
the number of small sets), though the match-
ing error may rise (depending on the clustering
algorithm). It is noticed that CBL-MA itself
can also be applied to clustering template im-
ages.

2. When the block number in TBL is large, we can
pre-grade the blocks in TBL according to their
importance (e.g., the most important blocks are
the N largest blocks in TBL, where N is a prede-
fined number). For any querying document im-
age, we first match the N most important
blocks in CBL with N most important blocks in
each TBL and find out the M (a predefined num-
ber) best matching TBLs. Then match the 2N
most important blocks in CBL with the 2N most
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important blocks in each of the M TBLs and find
out the M/2 best matching TBLs. Repeat the
procedure until the best matching TBL is found.
Performance of the algorithm depends on the
choices of the importance measurement of block,
and parameters N, M. This solution is actually a
dimension reduction approach for the high-
dimensional data.

It is necessary to clarify the following three

points:

1. Our method does not care about the content of
each component block. This is quite reasonable
for some applications, especially automatic
data form reading, where an input document
image is required to be automatically mapped
to one of pre-stored database tables. Because
the data in each document field vary from im-
age to image (even when the images are of the
same type, i.e., they should be mapped to the
same database table), CBL-MA can be used
to find out the correct database table of the in-
put document image, and then the logical struc-
ture of the found database table can be used to
annotate the component blocks in the input im-
age. In one of our recent software packages,
CBL-MA has been applied to automatic data
reading of industrial column forms (Peng
et al., 2000b,c).

2. In CBL-MA it is not encouraged to exchange
the order of size operations and location oper-
ations. We find that in many cases the size-first
sorting has less block order derangement (due
to the detection error of single block) than
the location-first sorting. Consequently, the
size-first matching requires a significantly smal-
ler neighborhood threshold than the location-
first matching. In another words, to our expe-
riences, the size-first sorting/matching has a
larger possibility to produce better perfor-
mance (in terms of matching accuracy and
computation time) than location-first sorting/
matching.

3. The quality of the template image set is impor-
tant. If some TBLs themselves can arouse con-
fusion, they should be classified as just one
TBL. If these template images have to be distin-
guished, the only solution is introducing other
features of the documents.

5.3. Applications

CBL-MA can serve as one of the key algorithms
of many document image registration and retrieval
applications. Concrete examples include form data
auto-reading, automatic document categorization
for digital library, document data sharing in video-
conferencing, etc.

6. Conclusion

In this paper, a new method of document
image matching is proposed based on the com-
ponent block list (CBL). The method can effec-
tively integrate the local and global features of a
document image for image matching. The com-
puter simulations demonstrate that our method
is robust to image deformation, filled-in infor-
mation and noise: for middle-sized template im-
age set of about 100 templates, the proposed
method can attain matching accuracy above
90%, and even when the template set size goes
up to 500, our method can still attain accuracy
above 83%. (Some more materials of this paper
are available at http:/pandora.cbmv.jhu.edu/
~phc/.)
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